Landscapes are dynamic, and the driving forces towards the societal change are related to the population growth and the lifestyle becoming increasingly urban and more mobile. The efforts to understand patterns and driving forces of urban growth or expansion have been analyzed in previous and recent studies. There is no doubt that the demand for urban land and the pressure for sustainable development will increase in any Metropolitan Area in the near future. In this study, land use change models were derived with and without variables related to urban sprawl and compared based on their statistical significance. The main goal of this paper is to propose a simplified logistic model, tested in Huntsville, AL that can highlight the probability of land use change by Traffic Analysis Zone (TAZ). Validation approach demonstrates the applications of measures of discrimination and calibration for a logistic regression model. This study can help to improve the understanding of patterns and determinants of urban growth and land expansion in Huntsville, AL. The model can be very useful to forecast the future probability of land use change and can be a substantial input in planning and decision-making process.
Introduction
Landscapes are dy namic, and all the important driving forces towards the societal change are related to the population growth and the lifestyle becoming increasingly urbaner and more mobile. T he three main driving forces such as accessibility, urbanization, and globalization that affected the nature and pace of the changes as well as the perception people have had about the landscape (Antrop 2005) . During the last decades, high rates of change causing unsustainable development have attracted the attention of policy and planning and raised the need to understand the factors behind it. The road network shows a continuous growth and the built-up area a continuous expansion, both corresponding to positive transfor mation rates that mean both contribute an increase in respective landscape elements (Schneeberger et al., 2007) .
The uncontrolled urban expansion, a common phenomenon in the developing countries not just exerts pressure on the peripheral areas of a city but also it rapidly increases the traffic congestion in urban regions. Uncontrolled urban expansion t hus la nd-use pat ter ns, employ ment patterns, income levels, car ownership trends, infrastructure investment, regional economic dynamics, etc. also may lead to congestion. Uncontrolled urban expansion or urban sprawl is a serious threat to urban sustainability and hence, poses a huge challenge to researchers, urban planners and policy makers to come up with remedial solutions (Mukherjee et al., 2014) , (Rao and Rao, 2012) .
Huntsville is the fastest growing major metro area in the state of Alabama, accounted for 34% of Alabama's Growth in population, and employment growth exceeds Alabama as a whole. The community and local business owners continue to be very positive, and the trend toward new growth is inevitable (COCH, 2015) . The efforts to understand patterns and driving forces of urban growth or expansion have been analyzed in previous and recent studies, due to the intensified consequences of human activ ities on resources, open spaces, and the environment. The rapid growth can be accompanied by the disappearance of rural agricultural land, spatial fragmentation, and sustainability challenges (Luo and Wei, 2009 ). There is no doubt that the demand for urban land and the pressure for sustainable development will increase in Huntsville in the near future. Better understanding and managing of urban growth are critical to the development and sustainability in any city.
In this study, land use change models were derived with and without the variables related to urban sprawl and compared based on their statistical significance. The main goal is to propose a simplified logistic model for Huntsville that can highlight the probability of land use change by Traffic Analysis Zone (TAZ). The model performance was assessed through different statistical measures. Validation approach demonstrates the applications of measures of discrimination and calibration for a logistic regression model. This study can help to improve the understanding of patterns and determinants of urban growth and land expansion in Huntsville. The model can be very useful to forecast the future probability of land use change and can be a substantial input in planning and decision-making process.
Literature Review
Spatial distribution of future land use is related to demand and development supply, accessibility, spatial suitability of each piece of land, and decision-making results of different decision-makers such as households, employment, governments, land owner, and developers. It is required to know the land use variables used in recent Land Use models that can be outlined as follows:
• Bid-Rent-Analytical models based on real estate pricing, and utilit y maximization theory (Clay et al., 2011) º Bid rent model is a geographicaleconomic theory that refers to how the price and demand of real estate change with distance (Zhao and Peng, 2010) • Input-Output-Analytical models based on economic flow theory (Clay et al., 2011) • Grav it y/Logit-A naly tical models founded on the concept of spatial separation (Clay et al., 2011 A simplified logistic regression has been tested and has been proposed to quantify the influences of explanatory variables on the probability of land use change (Luo and Wei, 2009 ), (Han et al., 2009 ). An integrated system dynamics and cellular automata model for urban growth assessment used socioeconomic variables (such as per capita income, migration, population and urbanization level, etc.) and the spatial factors in urban land system (such as slope, elevation, layout of road network and distance to city and sub-city centers, etc.) respectively. It can be noted that the spatial factors/ land suitability factors also play dominant roles in determining the spatial distribution of urban land growth (Han et al., 2009) . A study on the probability of nonurban to urban land conversion includes the following variables shown in Figure 1 to detect the determinants of land use change using a logistic model with values of 0 (no conversion) and 1 (with conversion) (Luo and Wei, 2009 ).
Fig. 1.
Variables Used in the Land use Conversion Models Source: (Luo and Wei, 2009) The case study analyzed in later section uses the classic multivariate statistic analysis in the modeling of land expansion. To quantify the influences of explanatory variables on probability of urban land expansion, the classic logistic regression takes the following forms (Luo and Wei, 2009 ), Eq. (1) and Eq.
(2):
(1)
Where: ChangeProb: the probability of landuse change to be regressed at location i, C: constant, β k is the parameter for individual explanatory variable X ki (k=1, 2, 3,……, n) that includes both socio-economic and spatial data. This classic logistic regression model adequately explains the determinants of the probability of urban land expansion from the global view (Luo and Wei, 2009 ).
Case Study
The Huntsville, Alabama Metropolitan Planning Area (MPA) includes all of Madison County and part of Limestone County shown in the following snapshot from Google Earth with well-defined Traffic Analysis Zones (TAZs). The metro area is around 947 square miles and has a population of 363,210 people with 156,649 households (USCB, 2010). Population and household data are available as statewide block level shapefile for 2010 (USCB, 2010) and summarized in ArcGIS to know the required values at MPA level.
There are 525 Traffic Analysis Zones in the network of which 508 are internal zones, and 17 are external zones.
Fig. 2.

Picture of Study Area Source: (Screenshot of Google map)
Following sections contain several essential parts to explain the response/dependent variable and explanatory variables, analysis and results, and validation process.
Data/Variables
Data were collected mostly from US census for the year 2000 and 2010. The variables can be divided into two broad categories as follows:
Independent Variables
The variables considered building our first logistic regression model are as follows: Refined versions of the indices capture four distinct dimensions of sprawl for instance development density, land use mix, population and employment centering, and street accessibility. Compactness indices/ sprawl-like metrics for census tracts within metropolitan areas were derived through the use of following variables together with the equations (shown in Table 2 and Table  3 ) as in larger area analyzes (metropolitan area, urbanized area, and county sprawl metrics) (Ewing and Hamidi, 2014) . These variables used in urban sprawl indexing were employed to develop another model that can be compared with the previous model. Because of unavailability of Walk Score related data, a new variable was introduced to measure the walkability. From any grocery shop to a TAZ block, if the nearest distance is within 1.5 miles, those values were inversed and weighted by the sum of block level population and employment as a percentage of the TAZ total to obtain Grocery/Amenity reachability index.
Employ ment data are accessible from the Local Employment Dynamics (LED) database that is assembled by the Census Bureau through a voluntary partnership with state labor market information agencies (Ewing and Hamidi, 2014) . Workplace Area Characteristic data are collected at census block geography level and can be aggregated to any larger geography, in this case, Traffic Analysis Zone when it is required. LED data were processed for the year 2002 and 2010 that included a total number of jobs and the number of employment by two-digit NAICS (North American Industry Classification System) code. The data were aggregated to generate total jobs by one-digit NAICS code for every block under any particular TAZ. Source: (Ewing and Hamidi, 2014) 2 Where, i is the census block number, n is the number of blocks in the TAZ, J i or BJ i is jobs in census block, P i or BP i is residents in census block, JP is jobs per person in the metropolitan area, TJ is the total jobs in the TAZ, P j is proportion of jobs in sector j, and j is the number of sectors.
Dependent Variable
National Land Cover Database (NLCD) serves as the definitive Landsat-based, 30-meter resolution, land cover database for the Nation. It is a raster dataset prov iding a spatial reference for land surface classification (for example, urban, agriculture, forest) and can be processed to any geographic unit (Ewing and Hamidi, 2014 At this point, it is needed to rank each TAZ based on the percentiles of above measures. Since binary logistic regression requires 0 and 1 value as the response variable, the ranking was implemented at 50 percentile value of each measure for the study area. For instance, if a TAZ value falls below 50 percentile value of a particular measure, 0 was assigned against that TAZ and vice versa. Overall rank was chosen by the mode of all ranks so that the ranking of six measures can be summarized into one dimension. Doing this yields a number (either 0 or 1) to represent the approximate likelihood of development by TAZ, that means, higher the value, more expansion can be expected by a TAZ.
Analysis and Results
This section describes model development procedure and comparison of preliminary and final models.
Binary logistic regression analysis was performed using Minitab with and without considering the variables used in measuring urban sprawl, where independent variables are from the year 2000. It involves stepwise selection of terms with a significance level of alpha of 0.15 to enter or remove from the model. Models can be named as preliminary (without sprawling variables) model and final (with sprawling variables) model. The results of both analyses can be presented as follows: Deviance Table (See Table 5 ) displays the likelihood ratio test p-values for the coefficients. The p-value for the overall regression tests the null hypothesis that all the coefficients for predictors are equal to zero. The alternative hypothesis is that at least one of the coefficients for a predictor is not equal to zero (Minitab, 2015) . Here, the p-value is close to zero. This p-value indicates that there is sufficient evidence that at least one of the coefficients is different from zero in both models. However, deviance of final model is less than that of preliminary because of additional variables, and a smaller value of deviance indicates an improvement in fit.
Model Summary (See Table 6 ) displays the statistics to compare how well different models fit the data. Higher values of deviance R-Sq and adjusted deviance R-Sq indicate a better fit while smaller values of Akaike Information Criterion (AIC) indicate a better fit (Minitab, 2015) . The preliminary model does not have better-fit statistics comparing to the final model. The primary tool for most process modeling applications is summary measures of goodnessof-fit from a fitted model that provide information on the adequacy of different aspects of the model. The logistic regression with binary data is the area in which graphical residual analysis can be difficult to interpret as a model validation (Rana et al., 2010) . Table 7 for Goodness-of-Fit Tests displays Pearson, deviance, and Hosmer-Lemeshow goodness-of-fit tests. The goodness-of-fit tests excluding Pearson, with p-values ranging from 0.09 to 0.96 that are greater than an alpha-level of 0.05, indicate that there is insufficient evidence to claim that the model does not fit the data adequately.
Since two out of three tests fail to reject the null hypothesis of an adequate fit, it can be concluded that both models are well fitted and valid (Minitab, 2015) . 
Statistical Validation
Since the fitted model performs in an optimistic manner on the fitting sample, it can be expected to have a lower performance of the model on the validation sample. Our focus is to measure the predictive ability of a model that can accurately predict the outcome variable on new subjects. To quantify the closeness of the model's probability estimates to the correct outcome values, it is our interest to evaluate the fitting sample and the validation sample as well. In some situations, it may be possible to obtain a new sample of data from the same population and can then be used to assess the goodness-of-fit of a previously developed model. This type of assessment is called external validation which is the most stringent and unbiased test for the model and the entire data collection process. However, it is not possible to obtain a new independent external sample from the same population or a similar one. That leads to doing an internal validation of the model which includes several accredited methods such as datasplitting, repeated data-splitting, jackknife technique and bootstrapping, etc. The core concept of these methods is to exclude a subsample of observations, develop a model based on the remaining subjects, and then test the model in the originally excluded subjects (Giancristofaro and Salmaso, 2003) .
Here, the repeated data splitting approach was implemented where data were split randomly into the fitting and validation samples without replacement by 75% and 25% respectively. The fitting sample is used to fit the model while the validation sample is used to evaluate its performance based on a two by two table known as confusion matrix. Logistic regression was performed for 10 times, and the average values were determined to propose the ultimate land use change model since each iteration is based on a different split of the original data, it results in different model coefficients, signif icance levels, and per formance values (Giancristofaro and Salmaso, 2003) . Confusion matrix outlined as follows was determined using MATLAB to validate the model (MathWorks, 2015).
Fig. 3. Confusion Matrix
To assess the model's quality of fit, the distributions of the estimates need to be averaged around the same values as the estimates computed on the whole original sample. If this does not happen, the model cannot be validated because of its internal instability.
The Model's Quality of Fit
The following table presents the parameters' estimates computed on the full sample of 508 TAZs, and the information describing the fitting distribution of their estimates of coefficients. Where, IQR/2 is half of the interquartile range, C Var is the ratio between IQR/2 and the Median.
The variability is moderate, indicating the presence of some degree of overfitting. As the model validates outside the available sample, the parameter's estimates computed on the full sample has been used by Eq. (1), Eq.
(2) and Y' (Final Model). Table 9 presents the overall significance of the model and the partial significance of each of the covariates. Again, both the information related to the full model and the information describing the fitting distribution was included. The overall regression model has not only a very high significance both on the full sample (overall p-value = 0.000) and on the 10 Iteratedfitting samples (median of the overall p-value fitting distribution = 0.000; interquartile range = 0.000) but also there is no variability between p-values. All the covariates in the model are significant an alpha value of 0.15 except one variable (Cultivated Crops).
As for the quality of the model's fit, it can be concluded that the model is highly significant though this results in some degree of overfitting because of the variability in the estimates of the model's parameters over the 10 fitting samples. 
Generalizability of the Model
In order for the model to be validated, model performance was assessed by comparing the actual value to the predicted one through the use of the following measures.
In all cases for determining the ability of the model to distinguish correctly the two classes of outcomes (confusion matrix), the accuracy was more than 70% for the validation sample when the cutoff point or threshold was 0.5 to classify the predicted probabilities.
A widely used statistic produced by Hosmer and Lemeshow to test the ability of a given model to calibrate, has the following format (Giancristofaro and Salmaso, 2003) , Eq. (5):
Where: n j , O j , and P j are respectively the number of observations, the number of positive outcomes (value of 1) and the average predicted probabilities for the jth group.
Hosmer and Lemeshow Chi-squared statistic was computed for the validation samples to measure of how close the predicted probabilities are to the observed rate of the positive outcome. If an observed Chisquared value less than the critical value of the Chi-squared distribution with Q-2 degrees of freedom at 0.05 alpha level, indicates good calibration (Giancristofaro and Salmaso, 2003) .
Estimated Chi-square value is smaller than the critical value with 8 degrees of freedom for all iterations at an alpha level of 0.05 (that is 15.51) except for one iteration (shown in Table 10 ). It can be interpreted that the calibration on the validation samples is excellent. 
Conclusions
The purpose is to build a simplified logistic model for Huntsville that can highlight the probability of land use change by Traffic Analysis Zone (TAZ). To do so, land use change models were derived with and without the variables related to urban sprawl and compared based on their statistical significance. The model with sprawling variables presents a better fit and effectively explains the determinants of the probability of urban land expansion. The sprawling nature of Huntsville is somewhat reflected from our logistic model. It can be concluded that our final model is ver y significant and can be used in predicting the future probability of land use trend since it balances between two dimensions of performance namely measure of discrimination and calibration in order to find the best trade-off.
Finally, this model can be utilized to forecast the likelihood/probability of land use change at TAZ level (such as 2020) since independent variables (such as 2010) are easily obtainable. The results can be useful in updating Travel Demand Models or Land Use Models, thus, it can help planners and decision makers in articulating and comparing different planning scenarios.
